Transformer insulation paper is a key indicator for transformer remaining operational life. Paper decomposition is evaluated using the degree of polymerization (DP) which calls for samples of insulation paper from operating transformers. Since collecting such paper samples is extremely difficult, other indicators have been used to indirectly reveal the DP value of insulation paper. This includes dissolved gases in transformer oil such as carbon oxides and hydrocarbon gases, furan compounds, methanol, ethanol, and moisture along with some oil characteristics such as interfacial tension. However, for the same oil sample, these individual parameters lead to different DP values. This is attributed to the lack of accuracy of the established mathematical and artificial intelligence models correlating DP with each of the above mentioned individual parameters. This paper presents a self-learning method to estimate the DP value of transformer insulation paper based on multiple transformer oil aging parameters. The proposed method comprises data processing, fuzzy c-means and linear regression. Results reveal that estimating the DP value based on multiple aging parameters is more accurate than estimating it using one single parameter as per the current practice. The proposed method not only helps to understand the correlation between multiple oil aging parameters and the DP value of paper insulation, but also promotes the establishment of more accurate life assessment models for power transformers based on these oil aging parameters.
I. INTRODUCTION
Oil impregnated paper (OIP) is widely used as a solid insulating material in power equipment, such as power transformers [1] . During the operation of the power equipment, OIP gradually degrades due to the multi-stresses it is subjected to. Since insulation condition is a key factor for reliable operation of power equipment, evaluation of insulation condition has received much attention by researchers and industry [2] .
The useful remaining operational life of a power transformer is identified based on the condition of its solid insulation that is measured using the degree of polymerization (DP) [3] . According to [4] , initial DP value of fresh paper The associate editor coordinating the review of this manuscript and approving it for publication was Dusmanta Kumar Kumar Mohanta .
is within the range 1000-1200 which drops to 200-300 when the insulation paper reaches end-of-life. While DP is the most accurate indicator to assess the decomposition of paper insulation, it is rarely used by industry due to the complexity of collecting paper samples, especially from hotspot locations. As such, much research efforts have been conducted to correlate the DP value with other measurable chemical indicators and oil characteristics [5] - [13] . These indicators include furan compound (2-Fal) [5] , [6] , carbon oxides (CO and CO 2 ) [7] , [8] , hydrocarbon gases (CH 4 , C 2 H 6 , C 2 H 4 , C 2 H 2 ) [9] , methanol (MeOH) [10] , ethanol (EtOH) [11] , moisture in oil [12] and oil interfacial tension [13] . Paper insulation comprises approximately 90% of cellulose, 6-7% hemi-cellulose and 3-4% of lignin [14] . Cellulose is a linear polymer of glucose molecules connected through VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ glycosidic bonds [15] . Due to high thermal stresses, hydrogen bonds tend to breakdown resulting in a shorter cellulose molecular chain and chemical by-products are formed and dissolve in the oil. Furanic compounds and moisture are the main hydrolysis by-products of cellulose degradation [5] , [12] . Carbon oxides and hydrocarbon gases are used in the Chinese standard DLT 722 to diagnose the transformer health condition [9] . According to [11] , methanol is proved to measure the rupture of 1, 4-β-glycosidic bonds of cellulose, and ethanol is regarded as a high temperature thermal decomposition by-product of insulating paper. Oil interfacial tension identifies the insulation aging activity correlated with the acidity of the oil [13] . Each of these 8 oil aging parameters has a strong correlation with the DP of insulating paper. Estimating the DP based on one single indicator results in inconsistent DP values for the same oil-paper sample. This is attributed to the lack of accuracy of the developed mathematical and artificial intelligence models correlating these individual indicators with the DP value. Moreover, such correlations vary with the type of oil and paper, oil-paper ratio and transformer operating conditions. Table 1 shows the correlation between the DP value and various individual oil aging parameters as suggested in the literature [5] - [13] . These various correlations do not necessarily lead to the same DP value for the same oil-paper sample. Even for the same aging parameter, various mathematical models can be found. For instance the correlation between 2-Fal and DP value has been modeled using various mathematical equations as summarized in Figure 1 . From this figure, it can be seen that the deviation of the DP values calculated using various mathematical models increases with the increase of 2-Fal concentration, especially when the DP value drops below 600. Such large deviation leads to inconsistent diagnosis for the paper condition when these mathematical models are employed for the same oil-paper sample. Therefore, an empirical equation with static coefficients using single aging parameter always fails to reveal accurate DP value of the insulation paper that is normally functioning under transformer harsh and dynamic operating conditions. Thus, the demand for a new self-learning model to estimate more accurate DP value based on multiple insulation aging parameters is essential.
The main contribution of this paper is the presentation of a new self-learning method to estimate the DP value of paper insulation based on multiple oil aging parameters that can be easily measured using transformer oil samples. In this context, series of thermal aging experiments on oil-paper samples are conducted and the proposed indicators are measured and randomly split into training and testing datasets. The proposed method comprises data processing, fuzzy-c means (FCM) and linear regression (LR). After data processing and determination of hyper parameters, the FCM-LR method is conducted on the training dataset to develop the model. This model is then examined using the reserved testing dataset. Furthermore, the proposed FCM-LR method is applied on other thermal aging experimental conditions and different types of oil and paper to further validate the robustness of the developed model when employed by different oil-paper materials.
II. THERMAL AGING EXPERIMENTS AND TESTING RESULTS
Series of thermal aging experiments were performed on oil-paper samples. In this regard, Weidmann T4 pressboard of 1 mm thickness and Karamay (KI 50X) transformer oil were chosen as the solid and liquid insulating materials, respectively. Several 2.5 mm × 4.7 mm paper samples were immersed in 500 mL of the insulating oil. All oil-paper samples were kept in glass bottles that were heated up in a thermally controlled oven for 240 days. During this period, the temperature within the oven was maintained at 90 • C and aged oil-paper samples were extracted every 24 days to measure the above-mentioned aging parameters. This process was repeated under other oven temperatures; 110 • C and 130 • C. Thus, after the three thermal aging experiments, a total of 30 aged samples were obtained.
All tests on aged oil-paper samples were conducted in accordance to the standards listed in Table 2 . The paper DP measurement was conducted following the IEC 60450 in which the specific viscosity of cellulose solution is measured to assess the DP value with the help of Mark Houwink equations [16] . DGA was conducted following the IEC 60567 standards using gas chromatography [17] . Interfacial tension of oil was measured following the ISO 6295-1983 guides [18] . 2-Fal in oil was determined following IEC 61198 standards using high performance liquid chromatography [19] . The moisture measurement was conducted following IEC 60814 guides using Karl Fisher titration [20] . Since specific international standard for measurement of methanol and ethanol in oil has not been set yet, test procedure is conducted by following the method in using headspace gas chromatography mass spectroscopy [21] . In the proposed method, the target parameter is the DP value while the 8 oil aging parameters shown in the first column of Table 1 are the input parameters to the model. Therefore, the dataset used in this method consists of 30 individuals with 8 attributes and 1 label. The dataset is randomly split into training and testing datasets with a ratio of 4:1.
In order to examine the performance of the proposed method when applied to different oil-paper materials, other thermal aging experiments were performed on palm oil and another type of mineral oil (mineral oil 2), respectively. Since these two types of transformer oil are still in research stage, the commercial names are protected due to confidential policy. Various solid insulating materials as shown in Table 3 were used in this experiment. These solid and liquid materials were aged in a thermal aging chamber placed in thermal oven at 150 • C for a duration of 200, 500, 1000 hours (for mineral oil samples) and 500, 1000, 2000 hours (for palm oil samples). The above mentioned parameters were measured in accordance to the standards in Table 2 . This process was repeated at temperature of 165 • C for durations of 50, 100, 200 hours for mineral oil samples and 100, 200, 500 hours for palm oil samples. It was also repeated at a temperature of 180 • C for 20, 50, 100 hours for mineral oil samples and 50, 100, 200 hours for palm oil samples. Hence nine aged samples for each oil type were tested and therefore, 2 datasets consisting of 9 individuals with 8 attributes and 1 label were obtained.
The correlations of the paper DP value and the eight individual aging parameters for the above thermal aging experiments including the investigated three oil types are shown in Figure 2 . As can be seen in these plots, each aging parameter exhibits inconsistent mathematical correlation with the paper DP value due to the different types of oil and paper as well as the thermal aging experimental conditions. Results show that some oil aging parameters such as interfacial tension and 2-Fal compound comprise similar correlation with FIGURE 2. Correlation between DP and each single aging parameter. VOLUME 7, 2019 the DP value for different thermal aging experimental results. However substantial difference on the range of DP value can be observed among different thermal aging experimental results. This validates the fact that a fixed equation correlating one oil aging parameter with the paper DP value is not very accurate which poses the demand for a more flexible and accurate method to reveal the DP correlation with multiple aging parameters.
III. ALGORITHM OF THE PROPOSED MODEL
The algorithm consists of several steps namely; data processing, fuzzy c-means (FCM), linear regression (LR) and evaluation. These steps are briefly elaborated below.
A. DATA PROCESSING BASED ON GREEDY ALGORITHM
As can be seen in the results of Figure 2 , oil aging parameters exhibit various correlation patterns with the DP of paper insulation. For example, while this correlation is almost linear in case of interfacial tension, it is exponential in case of 2-Fal. Therefore, a kind of adaptive data processing method based on greedy algorithm as shown in Figure 3 is proposed in this paper to estimate this correlation. In this method, data processing is initially performed on one of the eight attributes to form a new combination A i,s with the original data of the other attributes. Comparison is then conducted between the new data combination (A i,s ) and the previous ones (A i−1,s ). Once the FCM-LR method on processed data reveal better performance, the new processed data replace the previous one and continue to the next attribute until all attributes are being considered. This optimization process is repeated 3 times in order to determine the ultimate proper combination of data processing method for each attribute. After the data processing stage, normalization of input data as in (1) is conducted in order to limit the data into a standard scale. After normalization, the mean value of the normalized data vector x * i equals to 0, with a standard deviation equals to 1.
where x * i is the normalized vector data of i th attribute, E(x i ) represents the mathematical expectation value of data vector x i and D(x i ) represents the variance of data x i .
B. FUZZY C-MEANS (FCM)
Clustering is a typical unsupervised training method to solve unlabeled data analysis problem. FCM is a typical fuzzy clustering model, which assigns a degree of membership to every cluster center. FCM is built based on minimizing the below objective function J m [22] .
where N represents the total number of attributes, N c represents the number of cluster centers, m is a real number greater than 1, u ij is the degree of membership of x i in the cluster j, c j is the j th cluster center, and || * || is the Euclidean norm that is revealing the similarity between any train input data and the cluster center. In FCM method, N c and m are two key hyper parameters which need to be determined before calculation. Fuzzy portioning is carried out using an iterative optimization of the objective function J m , with the update of the degree of membership u ij and the cluster centers c j as below.
This iteration process terminates when
where δ is a value between 0 and 1 and kis the iteration step.
This procedure converges to a local minimum or a saddle point of J m . After iterative computation, the degree of membership values, u ij are obtained to form the input matrix for the linear regression stage. For example, if FCM model of 10 cluster centers (N c = 10) is trained and established on training dataset consisting of 24 individuals with 8 attributes, the calculation will generate a 10 × 8 cluster center matrix C as well as a 24 × 10 degree of membership matrix U .
C. LINEAR REGRESSION (LR)
LR serves as a linear approach to model the relationship between dependent and independent variables. In the proposed FCM-LR method, the dependent variable is the DP value of the paper insulation while the independent variables comprise the degree of memberships obtained from the FCM. The independent variable matrix Z given in (5) comprises degree of membership matrix U together with a column vector of ones.
LR algorithm can be presented in a matrix notation as in (6) . The purpose of LR is to find a proper parameter vector β so as to minimize the error vector ε with the help of least squares estimation technique. For example, if FCM transfers a 24 × 10 degree of membership matrix U into LR, M will be a 24 × 11 independent variable matrix, and parameter β is an 11 × 1 vector.
The coefficient of determination (R 2 ) is a typical evaluation indicator of regression performance, which is calculated as in (7) . In the proposed FCM-LR method, R 2 is regarded as a single evaluation indicator of the FCM-LR model during the calculation.
where DP estimated represents the estimated DP value, which equals to Z · β obtained from (6) , and DP represents the mean of the DP values. Also, the coefficient of correlation (CC) and mean square error (M SE) given in (8) and (9) are applied to further evaluate the performance of the proposed method.
CC =
Cov (DP, DP estimated ) √ Var (DP) Var (DP estimated ) (8)
where Cov(DP, DP estimated ) represents the covariance between DP and DP estimated , Var(DP) represents the variance of DP, Var(DP estimated ) represents the variance of DP estimated
IV. RESULTS AND DISCUSSION

A. INFLUENCE OF DATA PROCESSING
In order to show the influence of data processing, the value of R 2 and its bias are obtained as a function of the number of attributes using the row original and the processed data as shown in Figure 4 . As can be seen in Figure 4 , the performance of the processed data becomes more accurate than the original data. This accuracy is improved with the increase of the number of attributes. These results reveal that more attributes result in more accurate estimated value for the dependent parameter. Furthermore, after data processing, the performance of the model gets further progress compared with the model based on only original values, which indicates the necessity of data processing.
B. DETERMINATION OF HYPER PARAMETERS
Hyper parameters in FCM model need to be determined before computation, including N c and m parameters. The number of cluster centers N c describes the number of groups which the input data belong to. This parameter influences the compactness of the fuzzy clustering model. Generally, more clustering centers improve the accuracy of the FCM, but increases the computation complexity from the other side, especially if it deals with big dataset. Besides, increase of the cluster number will probably face the risk of overfitting on training dataset. It is of importance to pick up an appropriate value to reduce the computation complexity and risk of overfitting in the case of high fitting performance. The other parameter m, which describes the fuzziness of the FCM, corresponds to the compactness and separation of FCM model. High value of m reduces the fuzziness of FCM, making it closer to crispy clustering method. In the proposed FCM model, these two hyper parameters are determined using grid search method. During the computation, the value of integrator N c ranges from 2 to 15, while m ranges from 1 to 5 with a step of 0.1. The heat map of R 2 as a function of both N c and m is shown in Figure 5 Similar to the training dataset performance shown in Figure 5 , the heat map of R 2 of the FCM-LR model using the testing dataset as a function of N C and m is shown in Figure 6 . Generally, R 2 of FCM on testing dataset exhibits similar trend as the one resulted from the training dataset shown in Figure 5 , especially for the plot of R 2 as a function of m ( Figure 6 (c) ). However, small difference appears on the plot of R 2 as a function of N c (Figure 6(b) ), which reveals that the proper value for N c falls within the range 6 to 12 while it was in the range 8 to 15 from training dataset. This phenomenon reveals that the increase of cluster center numbers N c may lead to the risk of overfitting on training dataset. Therefore, N c should fall within the range 8 to 12 in order to obtain better computation results on both datasets. Comparison of the performance of both training and testing datasets is shown in Figure 7 , which indicates that the method works well on testing dataset. Table 4 
Results in Table 4 reveal that, the proposed method can estimate the DP value with higher accuracy than the current mathematical correlations as the R 2 , CC and MSE are respectively found to be 0.982, 0.991 and 327 for the proposed method, while these parameters are respectively Detailed DP values and more information of training and testing sets are listed in Table 7 in the Appendix. The table shows that the proposed method in this paper is more accurate than the current methods used to estimate the paper DP value as evidenced from the least percentage error it results in for all training and testing data sets.
D. GENERALIZATION PERFORMANCE OF THE PROPOSED METHOD
The main feature of FCM-LR is the self-learning nature that facilitates its application for different thermal aging conditions and oil-paper types. The aging experimental results obtained using the other two oil samples (mineral oil-2 and palm oil) are used to assess this adaptive feature. The performance of the proposed FCM-LR model is compared with the performance of the principal component analysis linear regression (PCA-LR) proposed in [2] . Results of this comparison are listed in Tables 5 and 6 and are plotted in Figure 8 . Evaluation indicators listed in Tables 5 and 6 attest the high accuracy of the proposed method in estimating the DP value based on multiple aging parameters when compared with the current methods. Figure 8 shows the DP value predicted using PCA-LR and FCM-LR models for the 9 investigated samples of the two types of oil. As can been seen from Figure 8 , the FCM-LR model has a better performance than the PCA-LR in estimating the DP values for various samples with a high degree of accuracy. Detailed DP values of the other aged OIP samples are listed in Tables 8 and 9 in the Appendix to compare the performance of the proposed method in this paper with the current methods in estimating the DP value based on one single parameter such as De Pablo's equation. Results in the tables reveal the high accuracy of the proposed method when compared with PCA-LR and De Pablo's equation. These results also reveal the suitability of the proposed method to be adopted by various oil-paper samples.
V. CONCLUSION
This paper proposes an FCM-LR method to predict the DP of transformer paper insulation using multiple aging parameters of the transformer oil. Results show that the proposed method is more accurate than calculating the DP value based on one single aging parameter such as 2-Fal as per the current practice. The proposed method features generalization performance that is examined on various oil-paper materials at different thermal aging conditions. The good performance of the proposed FCM-LR method makes it a powerful tool to estimate the DP value of transformer paper insulation with high degree of accuracy. The proposed technique can be automated and built within future power equipment online condition monitoring sensors to revel the condition of the solid insulation in real time. Tables 7-9 . 
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